/

.\
—
v,

m] htep://houghtonstreetreview.com/index.php/hsr I

<A HSR (LONDON),

HOUGHTON STREET REVIEW JOURNAL

ISSINN: 2058-5519|Impact factor-15.9

AI-DRIVEN CREDIT SCORING AND FINANCIAL INCLUSION: BENEFITS AND RISKS
FOR UNDERBANKED POPULATIONS

Abdushukurova Sevinch Khayrulla kizi
Department of Economics, School of Humanities, Natural and Social

Science, New Uzbekistan University, Tashkent, Uzbekistan
E-mail: s.abdushukurova@newuu.uz

Doi: https://doi.org/10.5281/zenodo.21892224

Abstract: Traditional credit scoring models often exclude individuals without formal banking
histories, creating a persistent barrier to financial inclusion for underbanked populations. This paper
examines the paradigm shift toward Artificial Intelligence (Al)-driven credit scoring, which utilizes
alternative data—such as mobile phone usage, utility payments, and digital footprints—to assess
creditworthiness. The study explores the dual nature of this technological integration: its profound
benefits in democratization of credit, reduced operational costs, and expanded financial access,
contrasted against critical risks including algorithmic bias, data privacy violations, and the lack of
model transparency (the "black box" problem). Through a comprehensive conceptual analysis, the
paper highlights the macroeconomic implications of Al in credit markets and proposes a balanced
regulatory framework to protect vulnerable consumers while fostering financial innovation.

Keywords: Artificial Intelligence, Credit Scoring, Financial Inclusion, Underbanked
Populations, Alternative Data, Algorithmic Bias, Fintech Regulation.

Annotatsiya: An'anaviy kredit skoringi modellari ko'pincha rasmiy bank tarixiga ega bo'lmagan
shaxslarni hisobga olmaydi, bu esa kam ta'minlangan aholi qatlamlarining moliyaviy tizimga
integratsiyalashuviga to'sqinlik qiladi. Ushbu maqolada kreditga layoqatlilikni baholash uchun
mugqobil ma'lumotlardan (mobil telefon operatorlari, kommunal to'lovlar va raqamli izlar)
foydalanadigan Sun'iy Intellekt (AI) asosidagi kredit skoring tizimlariga o'tish jarayoni tahlil gilinadi.
Tadqiqot ushbu texnologik integratsiyaning dualistik xususiyatlarini o'rganadi: kredit tizimini
demokratlashtirish, operatsion xarajatlarni kamaytirish va moliyaviy imkoniyatlarni kengaytirish kabi
jjobiy tomonlar, algoritmik tarafkashlik (kamsitish), ma'lumotlar daxlsizligining buzilishi va model
shaffofligining yo'qligi ("qora quti" muammosi) kabi jiddiy xavflar bilan taqqoslanadi. Kompleks
konseptual tahlil orqali maqolada sun'iy intellektning kredit bozorlaridagi makroiqtisodiy oqibatlari
yoritilgan hamda moliyaviy innovatsiyalarni rag'batlantirish bilan birga zaif iste'molchilarni himoya
giluvchi muvozanatli tartibga solish tizimi (regulyator) taklif etilgan.

Kalit so'zlar: Sun'iy intellekt, kredit skoringi, moliyaviy inklyuzivlik, kam ta'minlangan aholi,
mugqobil ma'lumotlar, algoritmik kamsitish, fintex regulyatsiyasi.

AnHoTanus: TpaguUuUOHHBIE MOJEIM KPEAUTHOTO CKOPHUHTA YacTO HCKIIOYAIOT JHI[ 0e3
opunaapHOi OaHKOBCKOW HWCTOPHUM, 4YTO CO3JAeT TIOCTOSHHBIA Oapbep g (UHAHCOBOM
WHKIIFO3UBHOCTA MaJIoOOECIIEUEHHBIX CIIOEB HacesleHus. B naHHOW cTaThe paccMaTpuBaceTCsl CMEHa
napagurMbl B CTOPOHY KpeauTHoro ckopunra Ha 6a3e MckyccrBennoro Mutemnexra (UMW), kotopsrit
UCTIONIb3YEeT AIbTePHATHBHBIC JaHHBIC (MCIIOJIb30BAHHE MOOWIBHBIX Tele(OHOB, KOMMYHAIbHBIC
IUIATeXKU M IUQPPOBbIE CIeAbl) IS OLEHKH KpeauTOClocoOHOCcTU. B uccnemoBaHumM wu3ydyaeTcs
JBOMCTBCHHBIA XapakTep OTOW TEXHOJOTHMYECKONH HHTErpanuu: e€ TIyOOKHEe IpPEeuMyIecTBa B
JEMOKpaTU3allMi KPEIUTOBAHMS, CHUKEHUM ONEPALMOHHBIX M3ACPKEK M PACIIMPEHUH JOCTyla K
(MHAHCOBBIM YCIIyTaM COIOCTABIISIOTCS C KPUTHYCCKHMMH PUCKAMH, BKJIIOYAs AJITOPUTMHUYECKYIO
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NPEIB3ATOCTh, HAPYIICHWE KOH(PHUICHIMATHHOCTH TAHHBIX M OTCYTCTBHE MPO3PAYHOCTH MOJETEH
(mpoGnema «uepHOro suMKa»). Ha ocHOBE KOMIUIEKCHOTO KOHIIENTYalbHOI'O aHaJM3a B CTaThe
IIOJAYEPKHUBAIOTCA MaKpPOIKOHOMUYECKHE ITOCIEACTBUS NpuMeHeHus MU Ha KpeIWTHBIX pBIHKax H
npezyiaraercst coaJaHcHpOBaHHasi HOPMATUBHO-IIPaBoOBas 6as3a JJIs 3alUThl ySI3BUMBIX OTpeOUTEne
pY OJJTHOBPEMEHHOM CTHUMYJIMPOBAaHUH (PMHAHCOBBIX MHHOBAIIHIA.

KiawueBble ciaoBa: VICKycCTBEHHBIH HMHTEIEKT, KPEOUTHBIH CKOPHUHT, (HUHAHCOBas
UHKJII03UBHOCTh, MaJ000€CIIeYeHHbIE CJIOW HAceNleHHs], albTePHATUBHBIC JaHHBIE, aITOPUTMUYECKAs
IPEIB3ATOCTh, PUHTEX-PETYIUPOBAHUE.

1. Introduction

Financial inclusion is globally recognized as a core driver of poverty reduction and economic
development. Access to formal credit enables individuals to smooth consumption, invest in human
capital, and manage financial shocks. However, traditional financial systems heavily rely on legacy
credit scoring models (such as FICO scores), which require extensive formal banking histories,
collaterals, and stable income verifications. Consequently, billions of people worldwide—
predominantly in developing economies and underserved segments—remain "credit invisible" or
underbanked [Demirguc-Kunt et al., 2022].

In recent years, the rapid advancement of Financial Technology (Fintech) and Artificial
Intelligence (AI) has introduced a disruptive alternative: Al-driven credit scoring. By deploying
machine learning (ML) algorithms, financial institutions can now process vast volumes of non-
traditional or "alternative" data. This includes transaction histories from mobile wallets, utility bill
payment behaviors, e-commerce activities, and even psychometric data [IMF, 2023]. For the
underbanked, who may lack a traditional bank account but possess a mobile phone, this digital
footprint serves as a proxy for creditworthiness, effectively lowering the entry barriers to the formal
financial ecosystem [Berg et al., 2020].

Despite its transformative potential to democratize credit, the deployment of Al in credit scoring
is not a panacea and introduces significant structural risks. Machine learning models are inherently
historical; if trained on biased data, they risk codifying and exacerbating systemic socioeconomic
inequalities, leading to digital redlining [Barocas & Selbst, 2016]. Furthermore, the proprietary and
complex nature of deep learning models often results in a "black box" phenomenon, making it nearly
impossible for consumers to understand why they were denied credit or to contest unfair decisions
[Burrell, 2016]. Data privacy concerns also escalate as Al models demand continuous surveillance of
personal digital lives [Zuboff, 2019].

This paper addresses this critical tension between technological innovation and consumer
protection. The primary objective is to evaluate how Al-driven credit scoring impacts underbanked
populations, evaluating both its empirical benefits in enhancing financial access and its systemic risks.
By analyzing these dynamics, the study aims to contribute to the ongoing policy discourse on creating
ethical, transparent, and inclusive fintech regulations suitable for modern digital economies.

2. Methods

To evaluate the impact of Al-driven credit scoring on underbanked populations, this study
adopts a Systematic Literature Review (SLR) framework combined with a Conceptual
Comparative Analysis. The methodology strictly follows the PRISMA guidelines for synthesizing
qualitative and quantitative findings from peer-reviewed literature published between 2018 and 2026.
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Data sources include academic databases such as Scopus, Web of Science, and Google Scholar,
alongside institutional reports from the World Bank, International Monetary Fund (IMF), and the
Bank for International Settlements (BIS). The selection criteria focused on empirical studies
investigating alternative data structures (e.g., mobile money logs, utility bills, e-commerce footprints)

and machine learning algorithms (e.g., Random Forests, Gradient Boosting, Deep Neural Networks)
applied to credit risk assessment.

To systematically weigh the socio-economic effects, a Dual-Impact Matrix was constructed.
This matrix cross-references the technical capabilities of algorithmic scoring (efficiency, predictive
accuracy, and scalability) against variables of financial inclusion (credit accessibility, cost of
borrowing, and borrower protection frameworks) as conceptualized by [Moro et al., 2021]. This dual
framework ensures a balanced synthesis of empirical benefits and architectural risks.

3. Results
3.1 Expansion of the Credit Frontier via Alternative Data

Empirical findings demonstrate that Al models utilizing alternative data possess significantly
higher predictive power for "credit invisible" individuals than traditional linear models. According to
empirical evidence documented by [Berg et al., 2020], incorporating digital footprints—such as
smartphone metadata and web-browsing behaviors—into credit scoring models reduces default rates
by up to 25% while expanding credit approvals to individuals previously rejected under FICO-like

frameworks.

Data Category | Traditional Proxies | Al Alternative Proxies Financial Inclusion
Impact

Financial Formal Bank Account, | Mobile Money Transactions, | High expansion in

History Mortgages P2P Transfers unbanked rural sectors

Behavioral Bureau Credit History | Utility/Telecom Bill | Demonstrates  repayment

Patterns Consistency discipline

Digital Employer Verification | E-commerce Activity, | Measures economic

Footprint Device Metadata velocity and liquidity

3.2 Reduction in Operational Friction and Cost Borrowing

Al automation sharply curtails credit underwriting times. While traditional commercial banks
require 3 to 7 business days to manually verify documents and score a borrower, Al-powered fintech
platforms execute risk assessments in milliseconds [Frost et al., 2019]. This micro-level efficiency
minimizes operational costs for financial institutions by approximately 30—40%. These savings are
frequently passed down to vulnerable consumers in the form of lower interest rates and reduced
collateral demands, facilitating micro-entrepreneurship among marginalized communities.

3.3 Algorithmic Discrimination and ""Digital Redlining"
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Despite efficiency gains, the empirical results unveil a critical structural flaw: algorithmic bias.
Machine learning algorithms optimize predictive accuracy based on historical datasets. If past data
reflects systemic exclusions—such as lending discrimination against specific geographical regions,
low-income groups, or genders—the Al algorithm self-learns and codifies these human biases into its
mathematical weights [Barocas & Selbst, 2016]. This creates an invisible barrier known as digital
redlining, where underbanked cohorts are systematically denied credit without human oversight.
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4. Discussion

The transition from relationship-based banking to algorithmic financial governance carries
profound macroeconomic and ethical implications. The results confirm that Al scoring acts as a
powerful catalyst for democratization of credit, yet it simultaneously creates a '""Black Box" problem
[Burrell, 2016]. Deep learning models (e.g., multi-layered neural networks) operate with non-linear
complexities that mask the exact reasoning behind a credit denial. Underbanked individuals, who often
lack financial literacy, are left with no actionable recourse to understand or improve their credit profile.

To mitigate these risks without stalling fintech innovation, this paper proposes a two-pronged
regulatory strategy:

1. Mandatory Implementation of Explainable AI (XAI): Central banks and monetary
authorities must mandate that financial institutions employ interpretable frameworks (such as SHAP
or LIME vectors). This ensures that if a borrower is denied credit, the system outputs clear, auditable
reasons (e.g., "inconsistent utility payments over the last 90 days") rather than an opaque algorithmic
rejection.

2. Co-regulatory '"Regulatory Sandboxes'": Following the successful frameworks
observed in emerging digital economies [IMF, 2023], governments should institute regulatory
sandboxes. These controlled environments allow fintech firms to test alternative-data scoring models
under strict regulatory observation, ensuring compliance with data privacy mandates before
widespread market commercialization.

Ultimately, Al-driven credit scoring should not replace human institutional responsibility. True
financial inclusion requires algorithms to be trained on balanced, synthesized data, combined with
robust national consumer protection frameworks that treat credit access not just as an optimization
problem, but as a socio-economic right.

5. Conclusion

Al-driven credit scoring represents a revolutionary shift in contemporary economics. By shifting
the underwriting paradigm from formal credit histories to multi-dimensional alternative data, it offers
an unprecedented mechanism to bridge the global financial divide. However, its uncontrolled
deployment threatens to automate systemic inequality through algorithmic bias and data exploitation.
Achieving sustainable financial inclusion requires a deliberate equilibrium where proactive
algorithmic audits, Explainable Al (XAI), and consumer-centric regulatory sandboxes protect
underbanked populations from systemic risks while maximizing digital financial opportunities.
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